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Purpose: To validate and compare the accuracy of breast tissue segmentation 
methods applied to computed tomography (CT) scans used for radiotherapy 
planning and to study the effect of tissue distribution on the segmentation accuracy 
for the purpose of developing models for use in adaptive breast radiotherapy. 
Methods and Materials: Twenty-four patients receiving post-lumpectomy 
radiotherapy for breast cancer underwent CT imaging in prone and supine positions. 
The whole breast clinical target volume (CTV) was outlined. CTVs were segmented 
into fibroglandular and fatty tissue using the following algorithms: physical density 
thresholding; interactive thresholding; fuzzy c-means with three-classes (FCM3) and 
four-classes (FCM4); and k-means. The segmentation algorithms were evaluated in 
two stages: firstly, an approach based on the assumption that the breast composition 
should be the same in both prone and supine position; secondly, comparison of 
segmentation with tissue outlines from three experts using the Dice similarity 
coefficient (DSC). Breast datasets were grouped into non-sparse and sparse 
fibroglandular tissue distributions based on expert assessment and used to assess 
the accuracy of the segmentation methods and the agreement between experts.  
Results: Prone and supine breast composition analysis showed differences between 
the methods. Validation against expert outlines found significant differences 
(p<0.001) between FCM3 and FCM4. FCM3 generated segmentation results (mean 
DSC=0.70) closest to the experts’ outlines. There was good agreement (mean 
DSC=0.85) amongst experts for breast tissue outlining. Segmentation accuracy and 
expert agreement was significantly higher (p<0.005) in the non-sparse group than 
the sparse group. 
Conclusions: The FCM3 gave the most accurate segmentation of breast tissues on 
CT data and could therefore be used in adaptive radiotherapy based on tissue 
modelling. Breast tissue segmentation methods should be used with caution in 
patients with sparse fibroglandular tissue distribution. 
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INTRODUCTION 
Adjuvant breast radiotherapy following breast conserving surgery in early-stage 
breast cancer patients has been shown to reduce the risk of local recurrence (1). 
The region proximal to the excision cavity, the ‘tumor bed’ (TB) is the most likely 
place for recurrence and therefore often receives escalated dose. Many imaging 
studies have shown that the tumor bed volume changes significantly over the time-
frame relevant to radiotherapy planning and delivery (2,3). 
Adaptive radiotherapy (ART) is used to correct for changes in the tumor bed, and involves a repeat 
CT scan and re-planning of the treatment. The workload related to re-imaging and re-planning is high. 
Currently image guided breast radiotherapy uses portal imaging or CBCT to visualize bony anatomy 
or fiducial markeras surrogates for the tumor bed. These techniques are inadequate for detecting the 
actual changes in tumour bed and other breast tissues. In this work we use modelling of tissue 
changes based on the finite element method (FEM) to model tissue changes and information from the 
planning CT (higher quality than CBCT), to understand how the breast tissues deform and move. At 
each treatment fraction CBCT imaging coupled with the FEM model would be used to quantify TB 
changes and their effect on the treatment and thereby predict the requirement for replanning. This 
provides a means for adaptive breast radiotherapy. For accurate modelling of tissue mechanics the 
breast has to be segmented into its various components: fibroglandular,fatty tissues, seroma and 
scar, which should be assigned suitable material properties to describe how they change shape and 
deform. Fibroglandular and fatty tissues will be segmented using the algorithms we have developed. 
CT numbers of scar and seroma are similar to fibroglandular tissue and therefore they all are 
segmented together. However, expert outlining of scar and seroma will be used to separate them 
from fibroglandular tissues and the deformation of these tissues deduced without the need for an 
additional planing CT scan. The envisioned ART work flow is shown in Fig. 1. Furthermore, the 
modelling of tissue mechanics could be used to describe the changes in tumor bed with respect to 
breast and develop predictive model for ART and hence reduce the number of CBCTs required during 
treatment 
Several authors have proposed algorithms for segmentation of breast tissues (4-7). 
A study that validates these methods would be useful. In the absence of true 
segmentation, validation becomes a challenging task. We have developed a two-
stage approach for evaluating tissue segmentation methods. The first stage is to 
evaluate performance of segmentation algorithms using knowledge that breast 
composition remains unchanged when imaged in different positions. The second 
stage is to validate tissue segmentation against expert outlines. The first stage 
evaluates whole breast segmentation, but provides incomplete information and is 
susceptible to false positive results (i.e. two different breast segmentations resulting 
in a similar but wrong composition), whereas the second stage provides adequate 
validation, but is time-consuming and therefore feasible only for a limited number of 
scan slices. Given the limitations of each approach, the two-stage evaluation 
approach is proposed.  
We hypothesise that the accuracy of segmentation of tissues is affected by their 
distribution. Figure 1b,c. illustrates two fibroglandular tissue  distributions (sparse 
and non-sparse) . We tested if the sparseness of the fibroglandular tissue distribution 
affects the accuracy of segmentation.  
The goals of this study were to investigate the accuracy of various breast tissue 
segmentation methods and to determine the effects of tissue distribution on the 
segmentation accuracy for CT scans in breast cancer patients.  
 
METHODS AND MATERIALS 
This study validates segmentation methods from the literature and compares them 
using a dataset comprising matching prone and supine CT scans to select the most 
accurate segmentation method for breast modelling. The methods and their 
adjustable parameters to be optimised are listed in the Table 1. Four main methods 
were used, from which 20 sub-methods were derived after customization. All 
methods required some form of thresholding except k-means clustering. These 
methods were used to segment datasets into fibroglandular and fatty tissues, and in 
some cases also into background (a voxel that does not lie within the whole breast) 
and ‘other’ (breast tissue which is a mix fibroglandular and fatty tissues).  
The whole breast was segmented from the CT dataset using clinician outlining and 
then using tissue segmentation methods. A parameter called the fibroglandular 
composition (FC) was used to quantify the fibroglandular composition of the breast. 
FC is the percentage of breast that is fibroglandular tissue. The first step in 
evaluating these algorithms was the comparison of FC for the matching prone and 
supine data. It should be the same in both positions. The second step was 
comparison with segmentation using the tissue outlines from the three experts. 
 
Patients 
Patient data used in this study was originally collected to compare prone and supine 
positioning for breast radiotherapy (10,11). Patients underwent lumpectomy, during 
which up to 6 pairs of titanium clips were placed in the tumor bed. The patients 
underwent CT imaging in both positions (from cervical vertebra 6 to below the 
diaphragm) on the same day. The CT data comprised axial slices. On each slice 
whole breast (WB) clinical target volume (CTV) were delineated by a single clinician 
(AK). Example whole breast contours marked on a single CT slices are shown in Fig. 
1b,c. Kirby et al. (8)  described details of the definition of WB, patient positioning and 
image acquisition. Datasets of 24 patients from that study were used in this work. 
There were no restriction on patients age and breast cup-size.  
 
Segmentation methods 
Physical density thresholding. The calibration look-up table of the CT scanner was 
used to convert CT number to physical density. Physical density ranges for different 
breast tissues were obtained from the literature (9). The range taken for fatty tissue 
was 0.917-0.939 g/cm3 and 1.013-1.047 g/cm3 for fibroglandular tissue. Voxels with 
physical density values within these ranges were classified as fat or fibroglandular 
tissue. This we call the hard threshold method. An expanded tissue range (the soft 
threshold method) was also investigated in which voxels with value of physical 
density less than 0.939 g/cm3 were classified as fat and all the voxels with a value 
higher than 1.013 g/cm3 were classified as fibroglandular.  
Interactive Thresholding. In this method the user interactively sets intensity CT 
number threshold. All the voxels with CT number higher than this threshold are 
labelled as fibroglandular and other voxels as fat, until the user judges the best 
segmentation is achieved.  
K-means clustering. This method results in clustering of data  comprising of N points 
into c classes (7). Segmentation was performed using 3 classes: background, 
fibroglandular and fat. 
Fuzzy C-Means (FCM) clustering. This method results in fuzzy clustering of the 
dataset (5). Fuzzy clustering means that the voxels are not labelled as fibroglandular 
or fat instead they are assigned probabilities of belonging to these tissues. After 
fuzzy clustering, some probability threshold has to be applied to yield the 
segmentation. Thresholding was carried out in two ways. One was to threshold the 
fibroglandular class at various probabilities and the other was maximum probability 
threshold. In the latter, a voxel was assigned to the class (fibroglandular, fat) for 
which it has highest membership value (probability of belonging). The effect of 
varying threshold was investigated. Segmentation was performed with three classes 
(FCM3) i.e. background, fibroglandular and fat and with four classes (FCM4) by 
adding another class labelled as ‘other’.  
 
Evaluation of segmentation 
The results of 20 segmentation sub-methods (see table 1) were generated in the 
investigation of the four methods. An evaluation scheme was followed to simplify the 
comparison of these methods. Firstly for all FCM the best FCM threshold values 
were found. Then, the best FCM and other segmentation methods were compared 
with each other to establish the most accurate method for tissue segmentation.  
 
Prone and supine evaluation. 
The segmentation methods were used to find the volume of fibroglandular tissues 
and FC was calculated using Eq.1 for all patient datasets. For each patient, relative 
difference in FC between prone and supine positions (∆rFC) was then calculated 
using Eq.2.  
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where, FGV  and totV are the volume of fibroglandular tissue and whole breast 
respectively; prFC and supFC
 
are FC of prone and supine position respectively 
 
Expert validation.  
Mid-breast CT slices from supine scans of twelve of the patients were selected 
randomly and outlined by the three observers (one radiologist and two radiation 
oncologists), yielding thirty-six manual outlines. These outlines were used 
individually for the pair-wise comparison with algorithmic segmentations to validate 
the algorithms. Experts were asked to mark fibroglandular tissue, seroma and scar 
on the slices. The scar and seroma were combined with fibroglandular tissue for 
validation of methods as they have CT number similar to the fibroglandular tissue. 
The combined tissues were compared with fibroglandular tissue segmented by the 
above algorithms using the Dice similarity coefficient (DSC) given by Eq.3. A values 
of DSC = 1 indicates perfect agreement; a value of 0 indicates no overlap. Zijdenbos 
et al. (10) recommended that DSC >0.700 indicates a good spatial overlap between 
measurement pairs.   
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where, S is the algorithmic segmentation and O is the expert outline. 
 
Effect of tissue distribution on segmentation accuracy 
Breast datasets were visually assessed and classified by an expert (EH) for 
sparseness of fibroglandular tissue distribution. The expert ranked the distribution of 
fibroglandular tissue on a scale of 1 to 5, (where 5 is the most sparse, i.e. very thin 
strands of fibroglandular tissue) using the Pinnacle® (Philips Medical Systems, N.A., 
Bothwell, WA) radiotherapy planning system for visualization. The expert was blinded 
to the fibroglandular tissue segmentation results of the algorithms. The patient scans 
were divided into two groups based on the expert ranks: one group (non-sparse) with 
rank 1-3 and other group (sparse) with rank 4-5. The accuracy of the segmentation 
methods for these two groups was compared.  
 
Statistical analysis 
A paired t-test was used to compare the FC measured for the supine and prone 
data. Analysis of variance (ANOVA) followed by post-hoc comparisons (Bonferroni, 
p<0.05) were used to test for statistical differences between methods. The Kruskal-
Wallis test was used for non-parametric ANOVA and the Friedman test was used for 
non-parametric repeated measures ANOVA (11). The Wilcoxon rank sum test was 
used as a test of the significance of the differences between the two groups 
separated by tissue distribution rank. 
 
RESULTS 
An example, segmentation of a CT slice by the various methods and the three 
experts is shown in Fig. 2. 
 
Prone and supine evaluation 
The various breast tissue segmentation methods gave different FC of the breasts, 
see mean FC (prone, supine) in table 2 and Fig. 3a. Also, the breast composition 
varied among the patients as seen by standard deviation around mean FC (prone, 
supine) in table 2. For all the methods there was a finite relative difference between 
prone and supine FC, ideally which should be zero.  
 
Prone and supine evaluation of FCM. Mean (averaged over all patients) FC 
measured using FCM with three classes (FCM3) and with four classes (FCM4) 
decreases with an increase in threshold level (see Fig. 3a). FC decreased with 
increasing threshold because the fibroglandular class assignment was made more 
stringent. FC was smaller for FCM4 than FCM3 at a given threshold because in 
FCM4 the membership values for fibroglandular class will always be less than or 
equal to that for FCM3. Mean FC (supine, prone) with maximum probability threshold 
was FCM3 (24%, 23%), and FCM4 (13%, 12%). The mean (averaged over all 
patients) relative difference between prone and supine FC, for probability thresholds 
was about 9% and 17% with three and four classes respectively. FCM3 was further 
compared to other segmentation methods. 
Prone-supine evaluation and comparison of the various methods. The FC values and 
corresponding standard deviations, and relative differences are given in Table 2. 
Differences between FC measured from prone and supine scans were not 
statistically significant, see p-values in table 2. The various methods give different FC 
values and the mean relative difference between prone and supine values from the 
respective methods was between 9% and 21%. The Kruskal-Wallis test failed to 
indicate significant differences (p=0.08) between the various methods. The FC 
measured by physical density thresholdings  was smaller than the other methods. 
Visual examination of segmented images against expert outlines, confirmed that 
these methods were not identifying all the fibroglandular tissue. Therefore physical 
density methods were not considered for further investigation by expert validation.  
 
Expert validation 
The DSC was calculated for FCM3, FCM4, interactive thresholding, and kmeans 
clustering methods. Of the 36 slices outlined by experts, sixteen (from 8 patients) 
had scar tissue as well as fibroglandular tissue marked while twenty had only 
fibroglandular tissue marked on them and none had seroma. Generally there was 
good agreement between expert outlines, mean DSC for the pairs of expert outlines 
was 0.85 (standard deviation was 0.08).  
  
Expert validation of FCM. The validation of FCM segmentation with three classes 
(FCM3) and with four classes (FCM4) as a function of threshold is presented in Fig. 
3b, it shows the mean (over all expert outlines) DSCs. Mean DSC for FCM3 and 
FCM4 with the maximum probability threshold were 0.65±0.13 and 0.49±0.19 
respectively. It was found that for any threshold, the average DSC for segmentation 
with FCM3 was higher than for FCM4. The Friedman’s (11) test on the DSC of FCM3 
and FCM4 methods with different probability thresholds indicated that FCM3 
performed significantly better (p<0.001) than FCM4. The FCM3 thresholded at 0.10; 
0.15; and 0.20 had the highest mean DSC which was 0.70. The Friedman test on the 
DSC of FCM3 at different threshold values indicated that there were significant 
differences between different thresholding levels (p<0.001), though post-hoc analysis 
(Bonferroni, p<0.05) did not give any pair wise significant differences. 
Expert validation and comparison of the methods. The DSC values for the various 
methods, namely FCM3 with thresholding of 0.10, 0.15 and 0.20; k-means; and 
interactive thresholding were compared. Mean DSCs of FCM3 with the three 
thresholds, k-means and interactive thresholding methods were 0.70, 0.67 and 0.61 
respectively. The FCM3 methods which had highest mean DSC gave segmentation 
closest to expert delineation. Although the Friedman test on DSC for these methods 
found no significant differences (p<0.12) between them. 
 
Effect of tissue distribution on segmentation accuracy 
Nine of the twenty-four patients in the study were classified as having a sparse 
tissue distribution based on the expert rank. Figure 4 summarizes the segmentation 
accuracy (DSC) measured for the two groups of patients dichotomised in terms of 
the sparseness of their fibroglandular tissues. All the segmentation algorithms had 
significant (p<0.005) higher DSCs for the non-sparse group than the sparse group. 
Moreover, the agreement amongst experts outlines (experts overlap) for the non-
sparse group was significantly (p<0.005) more than the sparse group. The mean 
relative difference in the fibroglandular composition (∆rFC) for non-sparse and 
sparse tissue groups were 6% and 12% respectively, the difference in the two 
groups was not statistically significant (p=0.11).  
  
DISCUSSION 
In the present study, the results demonstrated that fuzzy c-means methods with 
three classes (FCM3) thresholded at 0.10, 0.15, and 0.20 generated segmentation 
results closest to expert outlining. This is compatible with the work of Ertas et al (4) 
who noted for breast MRI that the correlation between breast densities estimated 
based on interactive thresholding and FCM3 is highest when a threshold of 0.20 is 
used.  
The evaluation of segmentation algorithms based on the assumption that the breast 
composition remains the same when measured in prone and supine CT scans, did 
not show significant differences between the various methods. In 7 out of 24 cases, 
unexpectedly large differences (>10%) between prone and supine FC (∆rFC) were 
found. As our subsequent analysis found, the reason for the large relative difference 
in FC is probably the poor accuracy of breast tissue segmentation algorithms for 
sparse breasts. Otherwise our findings were compatible with those of Nie et al (6) 
who reported in their study of breast MRI, a 3-6% variation in measurements of 
fibroglandular composition with body positioning.  
Our results also showed that the sparseness of fibroglandular tissue significantly 
affects the accuracy of breast tissue segmentation. ART based upon modelling of 
tissue mechanics would not therefore be currently applicable to patients with this 
sparseness. In this regard, a next step is to develop an automated analysis method 
to assess fibroglandular tissue distribution and identify imaging data which are 
inherently difficult to segment.  
Dose escalation to the region of the tumour bed has been shown to improve local 
control in selected patients with early breast cancer (12). The local control benefits 
will be optimised (and effects upon non-target tissues minimised) by adapting the 
radiotherapy plan to changes in the tumour bed and surrounding tissues. At present, 
whether boost doses are delivered sequentially or concomitantly, re-planning of 
treatment based on a repeat CT scan is often required due to changes in the tumour 
bed, sometimes incurring delays to treatment due to the need for re-outlining and re-
planning of radiotherapy. The aim of ART based upon modelling of tissue mechanics 
would be to deduce changes in tumor bed through accurate deformable registration 
of planning CT and CBCT at each fraction and predict the need for re-planning. The 
use of physically realistic constraints on breast deformation through modelling of 
tissue mechanics has been shown to significantly improve the accuracy of 
deformable registration (13). Furthermore, the modelling of tissue mechanics could 
be used to describe the changes in tumor bed with respect to breast and develop 
predictive model for ART and hence reduce the number of CBCTs required during 
treatment. 
In conclusion, this study has compared and validated breast-tissue segmentation 
methods for CT data using prone and supine scans and has found that fuzzy c-
means clustering with three classes gives the most accurate segmentation of breast 
tissue. The distribution of tissues within the breast affects the performance of 
segmentation methods. The understanding gained in this study is expected to help in 
using modelling of tissue mechanics for the purpose of adaptive breast radiotherapy. 
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Fig. 1. a. Workflow of the proposed ART based upon the modelling of tissue 
mechanics, WB is whole breast TB is tumor bed and FEM is finite element model;  b. 
and c. are sample middle-breast CT images with whole breast contour marked: b. 
Breast with sparse distribution (expert rank=5) of fibroglandular tissue; c. Breast with 
non-sparse (expert rank=1) distribution of fibroglandular tissue. 
 Fig. 2. Example: Fibroglandular segmentation of a CT slice by various methods and 
the three experts. a. the original slice (tissue distribution rank=1); b. interactive 
thresholding; c. k-means clustering; d-i. FCM3 thresholded at 0.05, 0.10, 0.15, 0.20, 
0.51, and 0.90; j-l. FCM4 thresholded at 0.20, 0.51, and 0.90; m-o. the three experts’ 
delineations. 
 
 
Fig. 3. Comparison of mean fibroglandular composition (FC) and mean DSC for 
FCM3 and FCM4 at various probability thresholds of the fibro-glandular class. Error 
bars shows ±1standard deviation. 
 
Fig. 4. Segmentation methods accuracy and experts overlap are plotted for the two  
groups: non-sparse and sparse tissue distribution. There were significant (p<0.004) 
difference between these two groups for all the methods and experts overlap. In 
each box, median is marked by central mark, the 25th and 75th percentile are the 
edges of the box, and the error bar represents the most extreme data points. 
Abbreviations are as in table 1. 
 
 
 
 
  
 
Table 1. Breast tissue segmentation methods and their associated parameters that were evaluated. 
The Parameters column denotes a quantity in each algorithm that is variable. 
 Method name Parameters Sub-method name 
Sub-method 
number 
1 
Physical density 
thresholding   
Physical density 
range 
Hard threshold 1 
Soft threshold 2 
2 Interactive thresholding NA. Int. thresh. 3 
3 
Fuzzy c-means clustering 
(FCM) 
Number of classes 
(or clusters) and the 
probability 
thresholds* 
FCM with 3 classes 
(FCM3)  
4-11 
FCM with 4 classes 
(FCM4)  
12-19 
4 K-means clustering  NA  kmeans 20 
* different probability thresholds were:  the fibroglandular class at 0.10, 0.20, 0.40, 0.50, 0.60, 0.80, 
0.90; and the maximum probability threshold. NA. is not applicable; 
 
Table 2. Mean fibroglandular composition (FC) and its relative difference from eq. 2, and p value 
Method FC Supine* FC Prone* )(FCr∆ * p value 
Physical density Hard 2%±2% 2%±2% 15%±17% 0.51 
Physical density Soft 5%±6% 5%±5% 21%±21% 0.48 
Interactive thresholding 11%±8% 11%±7% 13%±9% 0.51 
FCM3 at thresh=0.20 32%±5% 31%±5% 8%±7% 0.35 
k-means clustering 23%±5% 23%±5% 10%±9% 0.41 
*mean±1 standard deviation 
 
 
